Introduction {#Sec1}
============

Antibiotic resistance (AR) has become one of the most significant problems to threaten populations globally (WHO [@CR60]), as the prevalence of multidrug-resistant bacterial infections continues to increase (Canton [@CR13]; Tenover [@CR56]). Generations of newly developed antibiotics lose their efficacy against many bacterial infections within a few years after their introduction (Davies and Davies [@CR14]), and along with the difficulty to develop and supply new effective antibiotics (Shlaes [@CR50]), antibiotic resistance threatens the effectiveness of chemical therapies. The rapid appearance of resistance traits suggests that a reservoir of resistance traits exists, and factors, other than those in the clinical setting, influence the dissemination of these genes. As such, attention has shifted towards the environment (Martinez [@CR32]).

Understanding the link between AR and environmental conditions remains crucial. The assumptions that AR solely originates from the misuse or overuse of antibiotics are no longer acceptable; even after efforts have been made for reduced and more controlled antibiotic applications, AR continues to increase. Resistance occurs not only by selective pressure caused by antibiotics but also due to contaminants that promote the dissemination of genetic elements by cross-resistance and co-resistance processes (Ashbolt et al. [@CR3]; Baker-Austin et al. [@CR5]; Berg et al. [@CR9]; Perry and Wright [@CR42]). Bacterial communities respond genetically to pollutants via evolved mechanisms for their self-protection (Alonso et al. [@CR2]); in particular, potentially toxic metals contribute to the stress response (Ashbolt et al. [@CR3]; Beaber et al. [@CR7]; Berendock et al. [@CR8]). As such, the environment acts both as a reservoir of resistance traits and a bioreactor containing chemical stressors and opportunities for genetic exchange. The potential for these traits to disseminate to clinically relevant pathogens becomes a consequence.

The relationship between metal tolerance (or resistance) and AR has been known; reviews can be found in the literature (e.g., Baker-Austin et al. [@CR5]; Martinez [@CR33]; Seiler and Berendonk [@CR49]; Perry and Wright [@CR42]). Certain metals, albeit toxic at high concentrations, contribute to the biochemical health of microorganisms; mechanisms exist for their regulation and handling. However, clinically relevant infections have been found resistant to multiple antimicrobials, including metals, by susceptibility assays (e.g., Bass et al. [@CR6]; Dhakephalkar and Chopade [@CR16]; Ghosh et al. [@CR19]; Guo et al. [@CR21]; Marques et al. [@CR31]), suggesting that a link between genetic traits exists.

In the environment, relationships between metals and AR proliferation were first noticed in highly contaminated areas, including outflows of insufficiently treated wastewater and biosolids (Graham et al. [@CR20]; Knapp et al. [@CR28]; Su et al. [@CR55]), land application of agricultural wastes (Ji et al. [@CR26]; Li et al. [@CR30]; Zhu et al. [@CR63]), industrial contamination (Abella et al. [@CR1]; Graham et al. [@CR20]; Hu et al. [@CR25]; Knapp et al. [@CR28]; Stepanauskas et al. [@CR54]; Wright et al. [@CR61]) and direct application via metal exposure experiments (Berg et al. [@CR10], [@CR9]; Knapp et al. [@CR29]; Stepanauskas et al. [@CR53]). AR presence in these cases has often been indicative of exposure to elevated metal pollution; however, limited information exists on less-impacted soils and requires further investigation to ascertain basal risks of AR, especially in residential areas.

Here, we compared total metal conditions and the presence of AR genes from soil samples collected from residences in a range of urban and regional areas in Western Australia. This investigation not only determines the risk of AR bacteria in residential garden soils but also elucidates the feasibility of predicting AR in soils, especially where potentially toxic metals exist at lower concentrations.

Methods {#Sec2}
=======

Sample collection, preparation and characterisation {#Sec3}
---------------------------------------------------

Soil samples were collected from residential areas in Western Australia as part of the Australian Maternal Exposure to Persistent Toxic Substances (AMETS) study (Callan et al. [@CR12]). The aim of the original study was to assess whether residential soil and dust were sources of pollutant exposure to pregnant women; sampling procedures were designed to optimise and to minimise sample handling and potential interference by vegetation. Participants resided in either the Perth metropolitan area (10% samples) or regional towns in Western Australia (remaining 90%) including Albany, Bunbury, Bridgetown, Nannup, Busselton, Dunsborough, Margaret River, Collie, Esperance, Geraldton, Kalgoorlie and Port Hedland, which are categorised as Inner Regional Australia, Outer Regional Australia or Remote by the Australian Standard Geographical Classification Remoteness Area system (Australian Institute of Health and Welfare [@CR4]). Eighty samples were taken from areas with Mediterranean climate, and ten considered subtropical or tropical climate.

Soils were collected by volunteering homeowner sampling at least four bare areas of soil. They were instructed to take surface soil samples using a trowel or spoon in the boundary of the residential property and consolidated into a labelled plastic bad provided to them. No vegetation was required to be removed from the samples. There were no known contaminants on these properties; industries in the area included mining and agriculture.

Soil samples were collected between 2008 and 2011. They were mixed thoroughly, air dried (2 days at room temperature) and sieved (1.0-mm mesh). To minimise cross-contamination, the sieves were cleaned with a brush and fresh paper tissue and rinsed with acetone between samples. The samples were stored in sealed containers at room temperature.

Soil characterisation was undertaken on a subset of soil samples (*n* = 59, based on the mass of sample available). Soil particle size analysis was undertaken to determine the particle distribution using the Bouyoucos Hydrometer method based on established protocols (Sheldrick and Wang [@CR51]; Day [@CR15]). The organic matter content in soil samples was determined using weight loss on ignition (Schulte and Hopkins [@CR48]; Schollenberger [@CR47]). The pH and electrical conductivity of the soil samples in solution was measured using precalibrated pH and conductivity meters (Van Reeuwijk [@CR59]; Rhoades [@CR45]).

Chemical analyses {#Sec4}
-----------------

Approximately 1 g of soils was acid-digested for metal content with 1:1:1 HNO~3~, 30% H~2~O~2~ and concentrated HCl at 95 °C (USEPA [@CR58]). Once cooled, digested samples were filtered (Whatman No. 41 filter paper) and brought to 100 mL final volume with deionised water.

Samples were analysed using a Varian Vista Pro Inductively Coupled Plasma Optical Emission Spectrometry (ICP-OES) (Varian Analytical Instruments, Australia) at the ECU laboratories. The metals analysed included aluminium, arsenic, cobalt, copper, lead, manganese, mercury, nickel, selenium, uranium, vanadium and zinc. The instrument was calibrated using five standard solutions achieving a standard calibration of *r* ^2^ \> 0.99; standards and calibrations were checked several times during the analysis procedure using certified reference material RM 8704 (river sediment with 5 mg/L elemental spike; representing the concentration ranged needed for this study). Recoveries for elemental spikes ranged between 85 and 100% for all analyses, and replicate results remained within 10% coefficient of variation.

Ideally, knowing the extractable element content would have been useful for this analysis. However, the nature of prolonged sample storage in the archive and the natural soil 'ageing' process would have prevented accurate determinations. Given that, it was decided that the analysis would not have been worth the depletion of soils since only limited amounts remained in storage.

Molecular microbial analysis {#Sec5}
----------------------------

Molecular biological analysis of each sample involved DNA extraction and purification using the PowerLyzer PowerSoil DNA Isolation Kit MB12855-50 (GeneWorks Pty Ltd., Hindmarsh, South Australia) with a Powerlyzer 24 bench-top, bead-based homogeniser. Several trials were undertaken to find a bead beating rate that provided an optimum yield with minimal DNA shearing. For this particular study, homogenisation at 3000 rpm for 45 s, followed by an incubation at 70 °C for 10 min, then another bead beating step of 3000 rpm for 25 s gave optimum yield with minimal DNA shearing for most samples. All DNA extraction protocol steps were performed at room temperature, aside from bead beating steps, which were performed in a cold room (4 °C). The degree of DNA shearing was examined using gel electrophoresis, and DNA extraction quality was verified using a NanoDrop spectrophotometer.

In each sample, quantitative PCR (Bio-Rad iCycler, Hampstead, UK) enumerated genes related to beta-lactam (*bla* ~TEM~, *bla* ~CTX~, *bla* ~SHV~ and *bla* ~OXA~ (Knapp et al. [@CR27])), sulphonamide (*sul*1, *sul*2 and *sul*3 (Pei et al. [@CR40])) and tetracycline resistance (*tet*M and *tet*W (Peak et al. [@CR39]; Smith et al. [@CR52])) genes. Additionally, to screen as many tetracycline genes as possible, multiplex qPCR assays were used (Ng et al. [@CR36]), where tet1 (*tet*B, *tet*C and *tet*D) and tet2 (*tet*A, *tet*E, *tet*G) surveyed many efflux genes, tet3 (*tet*K, *tet*L, *tet*M, *tet*O and *tet*S) represented a mix of efflux and ribosomal protection genes, and tet4 included *tet*A(P) (efflux pump), *tet*X (enzyme) and *tet*Q (ribosomal protection protein). The selection of genes was not intended to be exhaustive, rather they provided key 'biomarkers' that have been routinely measured previously (e.g., Graham et al. [@CR20]; Knapp et al. [@CR27]; Knapp et al. [@CR29]; Pei et al. [@CR40]; Pruden et al. [@CR43]). 16S ribosomal ribonucleic acid (16S rRNA) genes were also measured to determine relative abundances of ARG as a surrogate measure of 'total bacteria', using the 338F-805R primer pair (5′-3′; with 515F probe) that should minimise non-target binding to plant, animal and fungal DNA (Dorn-In et al. [@CR17]).

Each 20 μL reaction comprised of 10 μL iQ Supermix (Bio-Rad), 7 μL molecular-grade water (Qiagen; Hilden, Germany), 1 μL primers (500 nM; Sigma-Aldrich; Haverhill, England), 2 μL of DNA template and SYBR Green I for fluorescence detection. Temperature cycles involved 10 min at 95 °C for initial denaturation and 40 cycles of denaturation (1 min, 95 °C), primer annealing (30 s, primer-specific temperature (see references listed above)) and elongation and fluorescence detection (30 s, 72 °C). Gene-containing plasmids, each diluted in yeast tRNA solution to 10^1^ to 10^7^ copies per microlitre, were used as (neat) standard controls as prepared by Smith et al. ([@CR52]). Gene determinants *tet*A, *tet*B, *tet*O and *tet*Q were used as controls for the *tet* multiplex assays. Before analysis, aliquots of randomly selected samples were serially diluted and analysed by PCR (targeting 16S rRNA gene); the resulting trend lines were compared with those of 'neat' standards; the lowest dilution, at which trend lines had comparable slopes with standards and generated minimal within-sample variability, was selected. As such, all samples were diluted 1:100 with molecular-grade water to minimise inhibitory effects on the PCR polymerase enzyme. Post-analytical quality control included a melt curve of PCR products to verify reaction quality (50--95 °C, Δ*T* = 0.1 °C/s).

Data analysis {#Sec6}
-------------

ARG data were analysed in two ways: raw abundances (per gram soil extracted) or relative abundances (normalised per 16S rRNA genes). Non-normalised data do not take into account the bacterial population size, meaning a sample containing a high number of ARG can either be attributed to many bacteria present in the samples or a high number of genes existing in the community. This is often used to compare gene flux in run-off and surfacewater scenarios (Knapp et al. [@CR28]). Normalising gene counts to 16S rRNA genes (a surrogate measure of total bacteria) presents an approximate proportion of bacteria that carry the gene of interest.

All statistics involved SPSS™ version 20. Metal concentrations below the limit of detection (LOD) were assigned a value of half the LOD for analysis. Analyses included log transformation of gene values and soil metal concentrations to ensure distribution normality (Kolmogorov-Smirnov test). We predetermined significance level (*α* value) at 10% to account for the variable nature of environmental samples. Bivariate Pearson's correlations were undertaken to determine the relationships between log-transformed soil metal concentrations and gene values. Multiple linear regression models were generated using log-transformed normalised gene content as the dependent variables and metal concentrations as the independent variables; the metals entered into the model were selected on the basis of bivariate correlations.

Results and discussion {#Sec7}
======================

Environmental conditions {#Sec8}
------------------------

Soils were collected from 90 sites in Western Australia; the composition of the soils was predominantly sand (≥70%), with pH ranging from slightly acidic to neutral and a range of organic matter content (Table [1](#Tab1){ref-type="table"}). Further, soils were analysed for aluminium, arsenic, cobalt, copper, mercury, manganese, nickel, lead, selenium, uranium, vanadium and zinc content (Callan et al. [@CR12]; Hinwood et al. [@CR23]) (Table [1](#Tab1){ref-type="table"}). While most values ranged within values typical of 'background' in Europe (McLaughlin et al. [@CR34]) and Australian soils (NEPC [@CR35]), there were a few minor exceptions. High vanadium (\>50 mg/kg), selenium (\>200 mg/kg) and mercury levels (\>1 mg/kg) were found at a few sites, but they were within Soil Quality Standards for Europe and the National Environment Protection Measures (NEPM) guidelines for 'no action' in residential areas in Australia (NEPC [@CR35]). As would be anticipated, the proportion of sand in the soil samples was negatively correlated with the proportion of silt and clay (*r* = −0.857, *p* \< 0.001 and *r* = -0.756, *p* \< 0.001, respectively) and also with the electrical conductively of the soils (*r* = −0.396, *p* = 0.002) and the presence of organic matter (*r* = −0.439, *p* = 0.001).Table 1Soil character and metal concentrations (mg/kg) in samples collected throughout Western Australia (*n* = 90)Mean (95% CI)Min--max\<%LOD^a^% Sand88.2 (1.9)70.0--97.5% Silt6.0 (1.3)0.5--23.0% Clay5.9 (1.0)0.0--19.5pH7.0 (0.1)5.7--8.1Electrical conductivity (μS/cm)419 (80)22--1890% Organic matter6.2 (0.8)1.5--13.9Aluminium1800 (450)\<2.50--13,0002.2Arsenic4.91 (0.96)\<3.50--22.957.8Cobalt0.75 (0.11)\<1.00--2.7876.7Copper7.46 (1.83)\<0.04--48.313.3Mercury1.31 (0.55)\<1.0--17.081.1Manganese49.9 (13.4)\<0.20--4432.2Nickel2.26 (0.60)\<2.00--19.170.0Lead9.27 (2.96)\<3.00--96.450.0Selenium14.6 (8.8)\<3.00--29371.1Uranium21.5 (13.2)\<1.00--59223.3Vanadium13.3 (4.4)\<0.30--97.15.6Zinc33.2 (8.5)\<0.60--1977.8^a^\<%LOD indicates proportion of samples below respective analytical limit of detection for that metal

For the metals manganese, nickel, selenium and vanadium, the concentrations of these metals in soil samples were found to be negatively correlated with the proportion of sand and positively correlated with the percentage of silt and clay: Mn (sand, *r* = −0.745, *p* \< 0.001; silt, *r* = 0.704, *p* \< 0.001; clay, *r* = 0.481, *p* \< 0.001), Ni (sand, *r* = −0.480, *p* \< 0.001; silt, *r* = 0.466, *p* \< 0.001; clay, *r* = 0.293, *p* = 0.023), Se (sand, *r* = −0.339, *p* = 0.009; silt, *r* = 0.362, *p* = 0.005; clay, *r* = 0.165, *p* = 0.211) and V (sand, *r* = −0.755, *p* \< 0.001; silt, *r* = 0.723, *p* \< 0.001; clay, *r* = 0.474, *p* \< 0.001). The concentration of aluminium in the soil samples was negatively correlated with soil pH (*r* = −0.505, *p* \< 0.001), with higher concentrations identified in more acidic soils, which may reflect increased solubility.

DNA was extracted from a subset of the soils and analysed for 16S rRNA and selected AR genes (Table [2](#Tab2){ref-type="table"}) and resulted in an array of total gene values ranging from 10^−6^ to 10^−2^ genes/16S rRNA, representing approximately 0.0001 to 1% of the total bacteria. AR gene concentrations ranged from those typical in 'pristine' environments to those found in 'impacted' sites (e.g., Graham et al. [@CR20]; Pruden et al. [@CR43]).Table 2Gene content (*log-*transformed) in samples collected throughout Western AustraliaAbsolute abundance\
*log*(genes/g soil)Relative abundance\
*log*(genes/16S rRNA)Mean (95% CI)Min/maxMean (95% CI)Min/max16S rRNA9.32 (0.17)7.11/10.06*bla* ~TEM~6.41 (0.22)2.60/8.42−3.01 (0.22)−7.31/−0.35*bla* ~CTX~3.46 (0.11)1.65/4.00−4.04 (0.16)−8.07/−3.67*bla* ~OXA~5.00 (0.09)3.50/6.38−4.33 (0.17)−6.38/−1.79*bla* ~SHV~5.11 (0.23)2.92/6.47−4.16 (0.23)−8.03/−2.12Tet14.67 (0.29)2.36/6.32−4.40 (0.30)−7.28/−1.29Tet25.59 (0.37)2.65/7.98−3.47 (0.38)−7.03/−1.80Tet35.51 (0.24)3.05/7.37−3.65 (0.25)−6.95/−1.85Tet46.63 (0.14)4.26/7.72−2.69 (0.18)−5.47/−1.51*tet*(M)5.89 (0.14)4.20/7.27−3.47 (0.20)−5.70/−1.01*tet*(W)4.48 (0.20)1.89/7.19−5.15 (0.25)−7.75/−2.44*sul*15.02 (0.30)1.25/6.72−4.48 (0.31)−8.37/−1.74*sul*24.85 (0.19)1.29/6.59−4.58 (0.21)−8.48/−2.04*sul*34.79 (0.19)2.66/7.24−4.51 (0.24)−7.04/−1.71

Bivariate correlations---absolute abundances {#Sec9}
--------------------------------------------

We assessed the relationships between metals and the abundances of AR genes in the soils to determine whether metals were likely to influence AR gene presence. Examining absolute gene abundances, representing the amount of genes per gram of soil, correlational analyses (Table [3](#Tab3){ref-type="table"}) found a number of genes related to metal concentrations. In particular, manganese and vanadium levels exhibited the greatest number of significant correlations to AR genes: *bla* ~CTX~, *bla* ~OXA~, *bla* ~TEM~, tet4 series, *tet*M, *tet*W, *sul*1 and *sul*2; however, they simultaneously correlated with 16S rRNA genes (Mn, *r* = 0.261; *p* = 0.013; V, *r* = 0.211, *p* = 0.046), suggesting co-linearity of data. Correlation values may reflect increasing numbers of bacteria overall, with similar proportions of the communities having the genes. Ignoring the metals that had correlations with 16S rRNA genes (which also included nickel *r* = 0.199, *p* = 0.061), significant correlations were found with copper (with *bla* ~OXA~, *bla* ~TEM~, *tet*M) and aluminium (*bla* ~OXA~, *bla* ~TEM~, *tet*M, *tet*W, *sul*2 and *sul*3).Table 3Significant bivariate correlations between metal content and relative AR gene abundances (normalised to 16S rRNA gene abundance)Absolute (unnormalised) gene relationshipsRelative (normalised to 16S) gene relationships*bla* ~TEM~Al\
Cu\
Mn\
Ni\
U\
V\
Zn(*r* = 0.29; *p* = 0.01)\
(*r* = 0.26; *p* = 0.02)\
(*r* = 0.45; *p* \< 0.01)\
(*r* = 0.24; *p* = 0.03)\
(*r* = 0.19; *p* = 0.08)\
(*r* = 0.32; *p* \< 0.01)\
(*r* = 0.30; *p* = 0.01)Al\
Mn\
Pb\
U(*r* = 0.20; *p* = 0.08)\
(*r* = 0.20; *p* = 0.07)\
(*r* = 0.22; *p* = 0.05)\
(*r* = 0.22; *p* = 0.05)*bla* ~CTX~Mn\
V\
U(*r* = 0.29; *p* = 0.01)\
(*r* = 0.23; *p* = 0.05)\
(*r* = 0.23; *p* = 0.05)U(*r* = 0.30; *p* = 0.01)*bla* ~OXA~Al\
Cu\
Mn\
Ni\
Pb\
V\
Zn(*r* = 0.32; *p* \< 0.01)\
(*r* = 0.31; *p* \< 0.01)\
(*r* = 0.38; *p* \< 0.01)\
(*r* = 0.18; *p* = 0.09)\
(*r* = 0.25; *p* = 0.02)\
(*r* = 0.27; *p* = 0.01)\
(*r* = 0.35; *p* \< 0.01)Pb(*r* = 0.26; *p* = 0.01)*bla* ~SHV~As(*r* = 0.20; *p* = 0.07)As\
Ni\
V(*r* = 0.28; *p* = 0.01)\
(*r* = −0.28; *p* = 0.01)\
(*r* = −0.20; *p* = 0.06)Tet1Tet2Hg\
Pb\
V(*r* = 0.25; *p* = 0.02)\
(*r* = −0.25; *p* = 0.02)\
(*r* = −0.18; *p* = 0.10)Hg\
Mn\
Ni\
Pb\
Se\
V(*r* = 0.23; *p* = 0.03)\
(*r* = −0.21; *p* = 0.06)\
(*r* = −0.25; *p* = 0.02)\
(*r* = −0.18; *p* = 0.10)\
(*r* = −0.19; *p* = 0.09)\
(*r* = −0.27; *p* = 0.01)Tet3Se(*r* = −0.19; *p* = 0.07)Tet4Mn\
V(*r* = 0.23; *p* = 0.03)\
(*r* = 0.21; *p* = 0.05)*tet*(M)Al\
Mn\
Cu Zn(*r* = 0.20; *p* = 0.09)\
(*r* = 0.26; *p* = 0.03)\
(*r* = 0.24; *p* = 0.04)\
(*r* = 0.26; *p* = 0.03)Co(*r* = 0.19; *p* = 0.09)*tet*(W)Al\
Mn\
V\
Zn(*r* = 0.27; *p* = 0.02)\
(*r =* 0.40; *p* \< 0.01)\
(*r =* 0.32; *p* = 0.01)\
(*r* = 0.26; *p* = 0.03)*sul*1Mn\
V(*r* = 0.27; *p* = 0.01)\
(*r* = 0.18; *p* = 0.09)*sul*2Al\
Mn\
V(*r* = 0.19; *p* = 0.09)\
(*r* = 0.30; *p* = 0.01)\
(*r* = 0.33; *p* \< 0.01)*sul*3Al(*r* = 0.19; *p* = 0.09)Both variables were log-transformed to distribute the data better prior to correlation analysis

Genes *bla* ~OXA~ and *bla* ~TEM~ had the greatest number of positive relationships with metal concentrations: aluminium, copper, manganese, nickel, vanadium and zinc; *bla* ~TEM~ also correlated with uranium concentrations, whereas *bla* ~OXA~ correlated with lead. Additional correlations included *bla* ~SHV~ and arsenic, tet2 series and mercury and *bla* ~CTX~ and uranium. There were some negative correlations among tet2 notably with lead (*r* = −0.249, *p* = 0.020) and vanadium (*r* = −0.177, *p* = 0.100), which suggested that specific populations could have been negatively impacted by these metals.

Copper and zinc have been reported in literature to be strong contributors to absolute abundance of resistance traits in soils, having direct correlations with beta-lactam (Hölzel et al. [@CR24]; Hu et al. [@CR25]; Knapp et al. [@CR29]), sulphonamide (Hu et al. [@CR25]; Ji et al. [@CR26]), erythromycin (Knapp et al. [@CR29]) and tetracycline resistance (Knapp et al. [@CR29]; Peltier et al. [@CR41]). Bacterial cells biochemically require these elements, although elevated levels are toxic; as such, they have mechanisms to maintain homeostasis in cells, and some traits that promote tolerance to higher concentrations can be found on mobile genetic elements along with antibiotic resistance genes (e.g., Hasman and Aarestrup [@CR22]). While this study supports previous studies with positive correlations found between copper and/or zinc and the number of antibiotic resistance genes, most studies examined elevated levels of metal pollution. Here, environmental conditions with lower levels of metals were examined.

Bivariate correlations---relative (per total bacteria) abundances {#Sec10}
-----------------------------------------------------------------

When normalised to 16S rRNA, the correlation patterns changed, and many relationships became less apparent, which may not be surprising given the prevalence of 'lower' metal concentrations. However, *bla* ~TEM~/16S continued to be impacted by metal concentrations with positive correlations with aluminium, manganese, lead and uranium. Correlations remained significant among metals and other beta-lactam resistance genes: arsenic and *bla* ~SHV~/16S, lead and *bla* ~OXA~/16S and uranium and *bla* ~CTX~/16S.

Limited correlations between relative gene abundances and soil character were found. Most correlations were weak and insignificant, except negative correlations were found with *bla* ~OXA~/16S (*r* = −0.338, *p* = 0.010), *tet*M/16S (*r* = −0.406, *p* = 0.005), *sul*2/16S (*r* = 0.296, *p* = 0.028) and *sul*3/16S (*r* = −0.289, *p* = 0.036).

The decrease in number of correlated pairs may be attributed to the relatively low metal concentrations in this study (as compared to many found in literature); the remaining pairwise relationships were likely to have been toxic. With the exception of manganese, these metals had no (or very limited) nutritional benefit to bacteria. Bacterial responses to metals, like antibiotics, are concentration dependent (Bernier and Surette [@CR11]). At lower levels, some elements provide micronutrition for biochemical reactions as essential enzyme co-factors. At elevated concentrations, they become toxic, and exposure can lead to series of possible cellular stress responses (gene expression), community adaptation (including mutation and resistance development) or cell death.

There would be fewer strategies for cells to detoxify non-essential elements, which can adversely impact microbial populations. In this case, survivors would have developed or acquired specific resistance traits. The bias in correlation patterns appeared to be related to whether the metals contribute a nutritional need at lower concentrations. As mentioned previously, manganese, copper and zinc contribute to absolute gene abundances, suggesting that the cells are better adapted to survive at higher concentrations by biochemical mechanisms that exist (either innate or acquired) to assist the sequestration and handling of metals. In contrast, there are fewer adaptations for the non-nutritional metals, and populations would consequently become stressed.

Chromium, lead, arsenic, mercury, nickel and iron have been previously found related to ARG (Ji et al. [@CR26]; Knapp et al. [@CR29]; Timoney et al. [@CR57]). However, there has been inconsistency in results with both positive and negative correlations being reported. For example, Hölzel et al. ([@CR24]) found that mercury and lead, which are not associated with known biochemical reactions, inhibited bacterial population growth rather than resistance development. In this study, aluminium, vanadium and lead (and to a limited extent, uranium) impacted microbial communities.

Multiple linear regression models {#Sec11}
---------------------------------

While significant relationships existed between AR and potential toxic metals in bivariate analysis, correlation coefficients (*r* values) were low. The complexity of soil environments makes it difficult to parameterise all possible factors that might contribute to AR (Knapp et al. [@CR29]). Upon examination of scatterplots (see Fig. [1](#Fig1){ref-type="fig"}), higher range of gene values (normalised to 16S rRNA) existed at lower concentrations; for example, elevated proportions of bacteria having ARG may be present despite potentially low exposure to a particular metal, suggesting that another element or factor may be impacting the populations. With bivariate correlations, exposure-related effects may not become apparent until the contribution to AR by an individual metal exceeds the contribution by other factors. As such, the heteroscedastic nature of the data suggests that multiple factors influence AR gene abundances. For this reason, we also examined multiple linear regression (MLR) patterns.Fig. 1Exemplar scatterplots demonstrating typical heteroscedastic patterns in bivariate analysis

The following seven metals were entered into a MLR model: aluminium, copper, manganese, nickel, lead and zinc based on their bivariate relationships. We used the model to predict relative gene abundances, as we focused on gene selection. More strongly significant correlations were found (Table [4](#Tab4){ref-type="table"}; Fig. [2](#Fig2){ref-type="fig"}): *bla* ~CTX~ (*R* = 0.54, *p* \< 0.01), *bla* ~OXA~ (*R* = 0.45, *p* = 0.01), *bla* ~SHV~ (*R* = 0.44, *p* = 0.02), tet2 gene series (*R* = 0.54, *p* \< 0.01), *sul*2 (*R* = 0.50, *p* \< 0.01) and *sul*3 (*R* = 0.38, *p* = 0.10).Table 4Multiple linear regression models for gene predictionsDependent variableCorrelation (*R*)*F* scoreSignificance (*p* value)Model:Coefficients:ConstantAlCuMnNiPbSeZn*bla* ~TEM~/16S0.3621.570.157−3.2020.000010.0133**0.00388**−0.0317**0.0242\*−0.00619**−0.00531*bla* ~CTX~/16S0.5353.7150.002−6.230**0.00015\***−0.01230.00120−0.0409**0.01690.00545\***−0.0047*bla* ~OXA~/16S0.4502.8980.009−4.437**0.00011\***−0.00059−0.00108−0.0506**0.0182\***0.00191−0.00387*bla* ~SHV~/16S0.4352.6960.015−4.068**0.00011**0.0154**−0.00425−0.111\***−0.00335**0.00704\***−0.00014*Tet1*0.3371.1320.254−4.2220.00010−0.0464−0.00322**−0.0975**0.001750.003830.00993*Tet2*0.5404.645\<0.001−3.093**0.000160.0802−0.0106\***−0.0385−0.02090.00309**−0.0146\****Tet3*0.2340.6540.710−3.481−0.00001−0.0259−0.00173−0.01990.0138−0.000190.00122*Tet4*0.3361.4560.195−2.6220.00001−0.0110−0.00195−0.05340.01280.00214−0.00086*tetM*0.4211.9650.074−3.551**0.00014\***0.0113−0.00138**−0.0976**0.006780.00241−0.00294*tetW*0.3171.0560.402−5.2310.000130.02020.00348−0.1090.00753−0.00351−0.00705*sul1*0.3441.4530.197−4.602**0.00022\***−0.02800.00168−0.0331−0.00547−0.00076−0.00064*sul2*0.4983.6700.002−4.564**0.00013\*−0.0402\***0.00034−0.0251**0.0206\***0.00066−0.00349*sul3*0.3841.7800.105−5.511**0.00010**−0.0167−0.00305−0.0142**0.0199**0.00295−0.00318Significant predictors, their coefficients and *p* value are included; coefficients in bold represent significant (*p* \< 0.05) contributions. The *R* represents the coefficient of determination for the entire model; parameters entered into the model included aluminium, copper, manganese, nickel, lead, selenium and zinc Fig. 2Observed versus predicted values (per 16S rRNA values) based on multilinear regression analysis. Significant (*p* \< 0.01) patterns presented

When combining factors in a multilinear regression model, the relationship between soil heavy metal conditions and antibiotic resistance improved, suggesting that multiple stressors may additively drive the selection of resistance. Here, even at the low metal concentrations in the residential soils in this study, approximately 25% of the variation in the incidence of genetic markers of antibiotic resistance was explained by the models (Table [4](#Tab4){ref-type="table"}).

Link between metals and antibiotic resistance {#Sec12}
---------------------------------------------

The linkage between antibiotic resistance and metal exposure has been known for many decades, when it was first discovered that penicillinase was linked with mercury exposure (Fraser [@CR18]; Richmond et al. [@CR44]). Two mechanisms are involved in the possible linkages. Cross-resistance involves a single gene that confers resistance to both the antibiotic and metal, e.g., an efflux pump. Co-resistance is when separate traits are closely linked, e.g., on a transferable genetic element or operon, and are transferred together (e.g., Richmond et al. [@CR44]). In both cases, metal exposure is sufficient to select and maintain AR genotype (Baker-Austin et al. [@CR5]).

Some metals can directly trigger the resistance phenotype. Tetracycline resistance genes *tet*B, *tet*C and *tet*D (tet1 series) and *tet*A, *tet*E and *tet*G (tet2 series) represent tetracycline-metal porters (efflux pumps) and are known to affect divalent cations in cells \[e.g., Zn^+2^ and Cu^+2^; (Yamaguchi et al. [@CR62])\], and the metal-tetracycline complex is capable of mediating the activity of tetR, a repressor protein associated with tet determinants in gram-negative bacteria (Palm et al. [@CR38]). Our results confirm the linkage between tetracycline-resistant genes and the divalent cations Zn^+2^ and Cu^+2^, as well as Mn^+2^.

On the other hand, *tet*M and *tet*W, along with *tet*O, *tet*Q and *tet*S (part of the tet3 and tet4 series), are ribosomal protection proteins. While the exact biochemical mechanism(s) for co-resistance are not known, they have been reported to be associated with metal pollution (Berg et al. [@CR10]; Knapp et al. [@CR29]). Many of these genes, however, are associated with conjugative transposons (e.g., *Tn*917 and the *Tn*916--1525 family), which are often associated with multiple resistance (Roberts [@CR46]). Beta-lactam resistance has been associated with mercury (e.g., Fraser [@CR18]; Richmond et al. [@CR44]) and copper (e.g., Knapp et al. [@CR29]) exposure, and lead exposure contributed to AR in enteric bacteria in poultry (Nisanian et al. [@CR37]). The results from our study indicate linkage with other metals, namely aluminium, manganese, uranium and lead. Correlations have been reported between *sul* genes and copper, zinc and mercury in wastewater (Ji et al. [@CR26]), whereas we again did not find a relationship with mercury, although there was a correlation with manganese in addition to aluminium and vanadium. Soil mercury concentrations in this study were very low (with over 80% of samples \<LOD), and this is likely to have precluded detection of a relationship between this metal and AR genes.

There is no information on previous management of the garden soils, which is unfortunate. Some garden amendments could contain both metals and ARG. However, the results of this study suggest that there are relationships, although weak, between metals and ARG concentration. Improvements to the study, and certainly worth considering for future experiments, include sequential metal extractions and some indication of their bioavailability and also the determination of threshold toxicity, especially among metals that have nutritional importance, and determination of whether resistance traits are innate to the cell or acquired, which may carry a greater risk of transfer. Here, given the nature of the archived soils, it would have been impossible to conduct these analyses. However, the results do suggest an avenue further research, especially since landscape contributors to ARG and basal levels in the environment remain poorly understood.

Conclusions {#Sec13}
===========

It is known that the presence of metals, at sufficient concentrations, results in metal tolerance (or resistance), which has (in turn) been proven to link to antibiotic resistance. This suggests that AR traits will be selected by metals, even in the absence of antibiotics. This study demonstrated that even at low concentrations of metals (including aluminium, copper, manganese and lead) in residential soils, antibiotic resistance was selected, as evidenced by increased relative gene abundances.

Many aspects of antimicrobial resistance have to be considered when studying traits in the environment, and one must consider the multitude of factors, including possible synergistic effects. Evidence here suggests that metal conditions and the presence of potentially toxic metals make a contribution to the spread of antimicrobial resistance. There are two possible cases for increased resistance development: (1) The amount of genes can increase, along with the amount of total bacteria, as evident following exposure to biochemical relevant elements, (2) or the increased selection of bacteria with resistance traits. The measurement type, whether absolute gene counts or relative abundances, can possibly explain elevated resistance.

16S rRNA

:   16S ribosomal ribonucleic acid

AR

:   Antibiotic resistance

ARG

:   Antibiotic resistance genes

*bla*

:   Beta-lactamase gene (-TEM, -SHV, -OXA and -CTX each represent a type of gene)

ICP-OES

:   Inductively coupled plasma optical emission spectrometry

PCR

:   Polymerase chain reaction

qPCR

:   Quantitative polymerase chain reaction

*sul*

:   Sulphonamide resistance gene

*tet*

:   Tetracycline resistance gene
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